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Abstract

Energy efficiency has become a key concern in modern computing.
Major processor vendors now offer single-ISA heterogeneous pro-
cessors that combine powerful and energy-efficient cores, such as
Arm’s big. LITTLE CPUs, Apple’s M-series chips, and Intel P/E sys-
tems. However, today’s OS schedulers, relying on simple cost-based
thread allocation strategies, fail to fully exploit their potential.
This paper presents HARP, a Linux-integrated resource-man-
agement framework for heterogeneous processors. HARP lever-
ages application behavior through online monitoring or application
descriptions and introduces a lightweight interface for two-way
communication between applications and the resource manager.
Through this interface, HARP learns application characteristics
to guide allocation decisions, which are then relayed back to the
applications so they can adapt accordingly. HARP supports various
programming models, from OpenMP and Intel TBB to custom mod-
els with adaptivity features, significantly improving performance
and energy efficiency, particularly in multi-application scenarios.
On two representative heterogeneous systems, HARP reduces the
average execution time by 12 % and the energy consumption by 28 %
compared to existing methods. Overall, HARP marks a crucial step
toward energy-efficient computing across diverse architectures.
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1 Introduction

With the introduction of Intel Alder Lake processors [28], and
AMD’s Phoenix 2 and Strix Point processors [24, 37], the trend of
heterogeneous CPUs — well-known from Arm big.LITTLE [20]
and Apple M-series [3] — has reached the domain of x86 desktop
and server computers. All major processor vendors thus include
single-ISA heterogeneous processors in their portfolios.

Heterogeneous CPUs typically combine high-performance cores
(named big or P-cores) with energy-efficient ones (LITTLE or E-
cores). The former offer better single-thread performance but with
higher power consumption, while the latter deliver lower perfor-
mance but substantially reduce power usage. This shift away from
homogeneous processor designs requires revisiting resource man-
agement strategies in a modern operating system (OS). Heteroge-
neous CPUs provide a trade-off for processor management to the
OS. Application threads can either be assigned to high-performance
cores for better performance or to energy-efficient cores, which de-
liver lower performance but conserve total system energy. However,
the extent to which an application benefits from high-performance
cores depends on its characteristics; for example, for memory-
bound and I/O-bound applications, the performance difference
between core types can be negligible.

Modern OSes have already begun integrating mechanisms to
manage resources on heterogeneous CPUs more effectively. Exam-
ples include the Intel Thread Director support in Windows 11 [16]
and Linux’s Energy-Aware-Scheduler (EAS) for Arm big. LITTLE
systems [47], both of which improve resource allocation, enhancing
system performance and energy efficiency. However, two main fea-
tures are missing in state-of-the-art heterogeneity-aware resource
management in OSes (Section 2).

First, resource management is focused primarily on thread-to-
core pinning, considering only individual thread behavior rather
than that of the entire application. This approach overlooks the
interactions between threads within a program, especially on het-
erogeneous CPUs where the assignment of a single thread may
affect the performance of all other threads. This is particularly ev-
ident in cases where load imbalances between threads arise and
appropriate load re-balancing is more complicated on heteroge-
neous processors than on homogeneous ones [57]. Second, the
resource-management decisions are not communicated to the ap-
plications, nor can the applications influence these decisions, aside
from setting thread affinity masks to exclude certain cores. Conse-
quently, once an application has started, it relies solely on the OS
for resource-management decisions. The missing communication
channel prevents applications from, e. g., adapting their execution
to react to changes in resource availability during runtime.
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This paper proposes HARP, a generic runtime resource manage-
ment system (Section 4) that provides a unified resource-allocation
solution across desktop systems, servers, and mobile devices with
heterogeneous processors. Instead of individual thread-to-core pin-
ning, HARP jointly manages all application threads; it leverages ap-
plication heterogeneity-aware behavior characteristics obtained ei-
ther from online monitoring (Section 5) or sophisticated offline anal-
yses to achieve efficient resource utilization. Furthermore, HARP
introduces an interface between applications and the resource man-
ager (RM) to communicate RM decisions to applications, allowing
applications to internally adapt to the assigned resources and thus
improve their efficiency. By combining heterogeneity-aware appli-
cation behavior characteristics with internal application adaptation,
HARP addresses key gaps in modern OS design.

Our evaluation (Section 6) shows that HARP reduces energy
consumption by an average of 28 % and improves the execution
time by 12 % on the two analyzed systems, the Arm Odroid XU3-E
and the Intel Raptor Lake Core i9-13900K. To our knowledge, HARP
is the first system capable of automatically managing applications
with dynamic properties on heterogeneous processors.

2 The Challenge of Managing Heterogeneous
Processors

Efficient processor management is an important task of the OS,
significantly impacting overall system performance. Processor man-
agement typically involves three key aspects: (1) controlling core
idle states, (2) selecting clock frequencies and voltages, and (3) as-
signing application threads to cores. Given the performance-critical
role within the OS, these management decisions have to be fast and
efficient, which is why modern OSes rely on heuristics.

With the introduction of heterogeneous processors, which com-
bine different types of cores on a single die, processor management
needs to be revisited. While idle state selection as well as clock fre-
quency control are not majorly affected by heterogeneous processor
designs, new challenges arise, for the thread-to-core assignment.
This section outlines two major challenges that must be addressed
to fully utilize heterogeneous processors: accounting for application
behavior and enabling dynamic application adaptation.

2.1 Unique Application Behavior

As mentioned earlier, heterogeneous processors combine high-
performance cores with energy-efficient ones, offering a trade-off
between performance and energy consumption. This creates a chal-
lenge for resource management, as different applications benefit
from different core types and their combinations. Thus, optimal
core allocation must account for the specific characteristics of each
application to ensure overall performance and energy efficiency.

Figure 1 illustrates this variability for two NAS Parallel Bench-
mark applications running on an Intel Raptor Lake Core i9-13900K.
Each dot represents an application configuration with its thread dis-
tribution across E-cores (x-axis) and P-Hyperthreads (y-axis). Dot
size reflects execution time, and color indicates energy consumption
(red for higher consumption). Pareto-optimal configurations were
identified using four objectives: execution time, energy consump-
tion, number of P-cores, and number of E-cores (all minimized).
These Pareto-optimal points are highlighted in green.
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Figure 1: Performance and energy consumption of two appli-
cations on an Intel Raptor Lake Core i9-13900K with varying
configurations.

For ep.C (Figure 1a), performance and energy scale smoothly
with increasing core counts, particularly towards the upper right
corner, indicating benefits from using both P-cores and E-cores.
Interestingly, the Pareto front for ep.C favors even numbers of
P-hyperthreads, as this benchmark achieves better performance
when both hyperthreads of a P-core are utilized. In contrast, mg.C
(Figure 1b) does not benefit from more resources, especially when
they are heterogeneous core combinations. As shown in the fig-
ure, the energy consumption increases with higher core counts
without reducing the execution time. Instead, mg. C performs much
better when primarily scheduled on energy-efficient cores. An RM
targeting heterogeneous cores needs to integrate these behavioral
differences in its resource allocation strategies in order to manage
the system as efficient as possible.

2.2 Need for Dynamic Application Adaptation

Running applications in a dynamic environment poses a second
challenge: applications need to adapt to changing resource alloca-
tions at runtime. For data-parallel applications like those in Fig-
ure 1, optimal performance is typically achieved when the number
of threads matches the number of allocated cores. Running more
threads than cores increases scheduling overhead and may cause
lock-holder preemption, while running fewer threads leaves re-
sources underutilized. Unfortunately, many scalable applications
are moldable [18], meaning their parallelization degree is fixed at
launch and cannot be adjusted dynamically. This becomes problem-
atic in dynamic multi-application environments, such as desktop
and server systems, where available resources fluctuate as applica-
tions start and terminate.

On heterogeneous CPUs, some applications benefit from more
advanced adaptations beyond their parallelization degree. For exam-
ple, they may need to redistribute workloads across cores, as E-cores
take longer to execute and can cause P-cores to stall [54]. Appli-
cations that use pipeline parallelism can also improve when they
respect performance differences during work distribution [71]. In
some cases, applications may even switch algorithms based on core
types [52, 53, 59]. To exploit such adaptivity features, applications
must be aware of their assigned resources and capable of adjusting
their internal behavior accordingly. This requires coordination be-
tween the RM and applications: the RM should dynamically inform
applications about current resource allocations, while applications,
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in turn, should provide feedback on their behavior characteristics
to improve future RM allocations. Such two-way coordination is
essential to enable both system and application-level optimizations.

3 Resource Management in the Wild

This section reviews how OS schedulers address the challenges of
heterogeneous processors, examines Hybrid Application Mapping
from the embedded domain as an alternative resource-management
approach, and discusses approaches incorporating in-application
adaptivity. We then compare these methods with HARP, showing
how it unifies their strengths while overcoming their limitations.

3.1 Improvements within OS Schedulers

Since the dawn of multiprogramming, OS schedulers have evolved
from time-sharing a single CPU to managing resource allocations.
Initially, schedulers focused on dividing CPU time among tasks.
With the advent of multi-core processors, they also had to handle
space-sharing — allocating tasks across multiple cores. This brought
new challenges, such as contention for shared caches and memory
controllers, which led to advanced thread placement strategies that
group threads benefiting from shared resources while separating
those that compete for them [10, 80].

Following this evolution, researchers began exploring single-ISA
heterogeneous processors, whose benefits came with significant
new scheduling challenges [2, 36, 43]. Before such processors be-
came commercially available, studies emulated them via simula-
tion [7, 36], frequency scaling [55, 57], or modified core configura-
tions [34]. Many of these works assigned CPU-intensive threads to
fast cores [7, 34, 36, 57], while others proposed alternative strategies
like mapping sequential applications or phases to fast cores [55].

Once heterogeneous CPUs entered the market, OS vendors began
integrating new strategies, following the approach of assigning
CPU-intensive tasks to fast cores. For Arm’s big. LITTLE processors,
Linux introduced the Energy-Aware Scheduler (EAS), which uses
CPU energy models to optimize task placement [47]. EAS tracks
task CPU demand via Per-Entity Load Tracking (PELT), allocating
tasks to minimize energy consumption, preferring LITTLE cores
for low-demand tasks. PELT data is also used by the Dynamic
Voltage and Frequency Scaling (DVFS) subsystem, making EAS
tightly integrated with dynamic frequency scaling.

Intel’s Alder Lake processors feature the Intel Thread Director
(ITD), a hardware unit that monitors the instruction mix of each
thread and core state at nanosecond granularity [29]. ITD uses
machine learning to classify threads and calculate performance and
energy-efficiency scores per core type and provides this feedback
to the OS at the microsecond level, thus following an approach
formerly discussed by Van et al. [69]. Windows 11 already integrates
ITD [16], whereas Linux support is under development [12, 44]. In
parallel, prototypes such as PMCSched demonstrate how ITD data
can be incorporated into Linux task placement decisions [8, 56].

While these systems account for thread behavior on different
core types, they overlook the collective impact on overall applica-
tion performance. Furthermore, they do not propagate resource
allocation decisions to applications, preventing them from adapting
their execution. This lack of coordination between the OS scheduler
and applications limits further optimization of resource utilization.
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3.2 Leveraging Holistic Application Behaviour
with Hybrid Application Mapping

To effectively manage resources on heterogeneous systems, under-
standing an application’s overall behavior is crucial. However, per-
forming this analysis online is often infeasible due to its complexity.
Hybrid Application Mapping (HAM) approaches from the embedded
domain address this challenge by combining extensive design-time
analysis with lightweight runtime management [49, 65]. This dual
approach enables rapid adaptation at runtime while benefiting from
prior exploration.

3.2.1 Design-time Exploration. In HAM, design-time exploration
generates a set of operating points through Design Space Exploration
(DSE). Each operating point represents an application configuration
and mapping, annotated with non-functional characteristics such
as execution time or energy consumption. These operating points
serve as the central link between design-time analysis and runtime
resource management.

The goal of DSE is to identify Pareto-optimal operating points —
those that are superior in at least one objective, such as lower exe-
cution time, reduced energy consumption, or fewer required cores
(cf. the green rings in Figure 1). Various methods, from evolutionary
algorithms [4, 38, 51, 72] to heuristics [33, 41, 45, 64], are used to
find these points. Some approaches also distinguish different appli-
cation scenarios [51, 58, 60, 68]. Non-functional characteristics can
be obtained through models, traces, and static analysis [11, 23, 38],
or by direct measurement.

3.22  Runtime Resource Management. At runtime, the RM uses the
provided Pareto-optimal operating points to select one per appli-
cation, aiming to maximize efficiency while respecting platform
constraints. This optimization can be formalized as follows:

minimize Z o7 _[{1, (1a)
oEX

subject to Z o7 [F] < R. (1b)
o€eX

Here, x, denotes the operating point selected for job o € X. Each
operating point of € O is annotated with an energy-utility cost
07 [{] and a resource vector of [F], which specifies the required num-

ber of cores of each type. The vector R represents the platform’s
total resource capacity. Equation (1a) minimizes the system-wide
energy-utility cost, while Equation (1b) ensures that resource de-
mand does not exceed availability.

A variety of approaches have been proposed to solve this op-
timization problem. Some methods select operating points itera-
tively [64, 72], while others solve it jointly, e.g., using ILP solvers [9].
A common joint approach is to treat this problem as a Multiple choice
Multi-dimensional Knapsack Problem (MMKP) [39], where the goal
is to select one item per group with multidimensional weights while
maximizing overall value. Since MMKP is NP-hard [50], computing
an exact solution within reasonable time — especially for a large
number of applications and operating points — is computationally
challenging. Consequently, MMKP-based methods rely on approxi-
mate solutions, employing greedy heuristics [76], Pareto algebra
principles [62], or Lagrangian relaxation [68, 73, 74].
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While HAM benefits from extensive offline analyses to guide
runtime decisions, its reliance on design-time exploration limits ap-
plicability in general-purpose systems, where applications may be
unknown. AdaMD [6] addresses this limitation by using hardware
performance counters to analyze application behavior at runtime.
Although effective, these counters may not fully capture actual
application performance.

3.3 Controlling In-Application Adaptivity

To fully leverage heterogeneous processors, applications should
expose adaptivity features. Some of these are intrinsic to the ap-
plication itself. An example is dynamic load distribution across
heterogeneous cores. Even workload distribution can lead to imbal-
ances, as tasks on energy-efficient cores take longer to complete. To
address this, solutions for dynamic workload distribution have been
proposed for application models like process networks [31, 32] and
OpenMP [54].

Other forms of adaptivity require external control through adap-
tivity knobs, allowing runtime systems to dynamically adjust an
application configuration, e.g., application topology, parallelization
degree, or even algorithms [32, 59, 70]. For example, AdaPNet [59]
selects configurations at runtime based on resource availability and
historical data. However, its applicability is limited to process net-
works. Despite these advances, no existing resource-management
system provides broad support for in-application adaptivity across
diverse models.

3.4 Comparison with HARP

The approaches above address parts of the resource-management
challenge, but none combines all aspects of them into a single
methodology. HARP integrates these perspectives as follows.

First, unlike traditional OS schedulers (Section 3.1), HARP makes
applications explicitly aware of allocation decisions. It introduces a
two-way communication channel between applications and the RM,
enabling collaboration for greater efficiency: applications adapt to
allocations while providing feedback that guides future decisions.

Second, similar to HAM (Section 3.2), HARP leverages operating
points supplied through application descriptions (e.g., from DSE).
Unlike HAM, however, it does not depend on design-time explo-
ration: operating points can also be generated at runtime, support-
ing previously unseen applications. AdaMD [6] also avoids reliance
on design-time analysis, but is limited to performance-counter data.
In contrast, HARP can also incorporate application-specific metrics
that reflect true utility via its communication channel.

Finally, HARP extends resource management beyond core place-
ment. Whereas prior works often target specific application mod-
els (Section 3.3), HARP generalizes application support through a
flexible framework. Its libharp library offers built-in support for
common application models and an interface for integrating new
ones, allowing applications to tune internal parameters such as
parallelism or other adaptivity knobs.

In summary, no existing system addresses all these aspects jointly.
By combining system-level coordination, runtime exploration, and
application-level adaptivity, HARP provides a comprehensive re-
source-management framework that advances the state of the art.
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Figure 2: Overview of the HARP management approach and
system design with two example applications.

4 HARP Design

Building on the limitations of prior approaches, we now present
the design of Heterogeneity-aware Adaptive Resource Partitioning
(HARP), our resource-management framework. Figure 2 illustrates
its design. HARP consists of two main components: the HARP
Resource Manager (HARP RM) and the libharp library!. A sin-
gle instance of the HARP RM oversees all managed applications,
while each application runs its own libharp instance. The RM
makes high-level decisions on resource allocations and core affini-
ties, working alongside the OS scheduler (see Figure 4 in §4.3),
which handles low-level task scheduling. The 1ibharp library facil-
itates two-way communication with the RM, ensuring coordination
across diverse application models.

HARP RM updates resource allocations whenever an applica-
tion starts, exits, or other system events occur. These decisions are
guided by the hardware description (@) and by the operating points
(§4.1.2). Operating points may be parsed from application descrip-
tion files (@) via libharp or generated at runtime through HARP’s
fast exploration heuristics (@), detailed in Section 5. For each ap-
plication, the RM selects one operating point from the available
set, adjusts it to ensure spatial isolation among running applica-
tions, and communicates the decision through libharp (@), which
performs application-specific adaptations and optionally returns
performance feedback (@).

This split design, where the central RM makes global allocation
decisions, each application adapts via its own libharp instance,
and both communicate through a two-way channel, provides high
flexibility and supports a wide range of use cases. Furthermore,
hardware characteristics are not hard-coded in the HARP RM but
supplied dynamically at runtime via the hardware description file,
allowing system administrators to fine-tune HARP’s behavior. Over-
all, HARP’s design simplifies resource management while integrat-
ing well across applications and scenarios.

4.1 Application Support via libharp

libharp serves as an intermediary between the RM and the appli-
cations, handling application registration, dynamically adjusting
application configurations based on RM decisions, and providing
utility metrics. It ensures effective interaction and runtime adapta-
tions using standardized communication protocols. While all the
communication is handled by one interface with the RM, libharp

1Both components are available open-source at: https://github.com/TUD-0S/harp
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can manage applications differently based on their supported allo-
cation type (§4.1.2) and adaptivity (§4.1.3).

4.1.1  Communication Protocol. The library communicates with
the RM through a simple interface that is handled using protobuf
messages over Unix sockets. A typical control flow is shown in
Figure 3, outlining the interaction between the managed application
mg.C and the HARP RM.

(1) Registration Request: Upon startup, 1ibharp initializes the
connection with the RM by sending a registration request through
the RM’s Unix socket. This request includes the application’s PID
and the supported resource type (§4.1.2). At this point, 1ibharp
also creates a dedicated Unix socket for receiving push messages
from the RM.

(2) Operating Points and Utility Subscription: After regis-
tration, the application provides the RM with a list of operating
points from the application description file (@), if these are avail-
able. Furthermore, the library might indicate further functionality
to the RM depending on the application adaptivity type (§4.1.3), for
example that it can provide real-time utility metrics.

(3) Operating Point Activation: After finishing the first initial
setup steps, the RM generates a new resource allocation. It commu-
nicates this decision to 1ibharp, specifying the selected operating
point and its allocation on the processing resources (@). The li-
brary will accordingly update the application configuration to the
provided resources. The concrete changes to the application de-
pend on the application type and its available configuration knobs.
Such reconfiguration messages from the RM not only happen at
the startup of the application but can also occur whenever the RM
is triggered, e.g. when other applications start.

(4) Utility Feedback: If the utility feedback feature is indicated,
the RM periodically requests the current utility from libharp (@)
to refine operating point tables (@).

4.1.2  Operating Points and Allocation Granularity. Operating points
are the primary data structures linking the HARP RM and libharp.
For each application, HARP maintains a set of operating points,
each representing a distinct configuration variant. An operating
point encodes (1) an in-application configuration, (2) a resource
allocation, and (3) associated non-functional characteristics.

The first two components — application configuration and re-
source allocation — together define the overall configuration vari-
ant. In HARP, these can be expressed at two levels of granularity:
fine-grained and coarse-grained.
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Fine-grained operating points specify detailed mappings of
individual application threads to processor cores and include in-
application parameter values controlled through adaptivity knobs.

Coarse-grained operating points, in contrast, use a compact
representation based on an extended resource vector that defines the
resource requirements, indicating the number of cores and their
hardware thread usage per core type. For example, if an application
uses 4 E-cores and 3 P-cores (with simultaneous multithreading),
where two P-cores use two hardware threads and the third only
one, the extended resource vector is [1, 2, 4] . This vector applies
to the entire application, implying a uniform thread distribution. In
this case, only adaptivity knobs derivable from the resource vector,
such as the parallelization degree, can be managed by HARP.

The distinction between coarse- and fine-grained operating points
stems from their differing strengths and trade-offs. Coarse-grained
points are simpler since only core combinations have to be distin-
guished, offering a uniform structure across applications. This sim-
plicity allows the HARP RM to explore operating points at runtime
(Section 5), whereas fine-grained points enable richer application
structures and more adaptivity knobs but lead to a much larger,
more complex search space, making online exploration impractical.

Notably, even in the case of fine-grained operating points, the
RM does not receive detailed thread-to-core mappings or adaptivity
knob values. Instead, 1ibharp communicates only the extended
resource vector, just as with coarse-grained allocations, along with
the associated non-functional characteristics (see §4.2.1).

4.1.3  Application Adaptivity Types. In HARP, applications are clas-
sified based on their adaptivity options: static, scalable, or custom.

Static applications are applications without any runtime adap-
tation mechanisms. Both allocation types can be combined with
such applications, for example with threads mapped to specific
cores (fine-grained), or by just restricting the entire application to
a subset of the cores (coarse-grained). 1ibharp natively supports
static applications: registration with the RM is done automatically
upon library load and the application threads are managed via in-
tercepting pthread_x() functions. A drawback, however, is that
when a static application runs more threads than allocated cores,
performance may degrade as the OS scheduler will time-multiplex
the assigned cores to the threads.

Scalable applications, on the other side, come with some type
of runtime scaling. Libraries like OpenMP and Intel TBB enable
implicit data-level parallelism, classifying these as scalable applica-
tions. Since parallel worker threads in these applications usually per-
form the same operations on different data, they naturally support
coarse-grained resource allocations. Typically, the parallelization
degree is set at the start, making these applications moldable [18].
libharp extends their capabilities by making them malleable, i.e.,
allowing the parallelization degree to be adjusted dynamically at
runtime via a built-in adaptivity knob. For Intel TBB and OpenMP,
this knob is implemented by hooking into library-internal functions.
For example, in OpenMP, we hook in the GOMP_parallel function
and adjust the num_threads variable to the maximum of the user-
given number and the parallelization degree provided by the HARP
RM. This adaptation matches the number of worker threads to hard-
ware threads according to the corresponding extended resource
vector, which helps to prevent time-sharing processor cores, which
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the static applications may suffer from. However, 1ibharp can also
treat applications as scalable when they provide their own scalabil-
ity adaptivity knob. For instance, we developed a wrapper library
for TensorFlow [17] that demonstrates this capability.

Custom applications extend 1ibharp to support application-
specific adaptations. These custom applications typically use fine-
grained operating points. For example, we developed a libharp
extension for Kahn Process Networks (KPN) [31] that scales specific
parallel regions within the application, allowing for fine-grained
resource allocation across different phases [32]. Other extensions
might leverage the communicated resource allocations by selecting
alternative algorithms, using specialized code paths, or handling
ISA-extension differences between core types.

4.1.4  Making Applications HARP-ready. Most static and scalable
applications are supported by libharp without further modifica-
tions. The library automatically detects supported runtime libraries
and application threads, adapting them through function hooks.

For custom adaptations, developers only need to register call-
backs via a libharp interface. These callbacks use the selected
operating point and resources to reconfigure the application, for
example by adjusting internal parallelism or other adaptivity knobs.
libharp invokes the callbacks whenever the HARP RM assigns
a new allocation. Utility metric feedback can be integrated in the
same way via a dedicated interface.

Overall, making an application HARP-ready is straightforward.
The interfaces are simple and require minimal developer effort,
while 1ibharp and HARP RM handle the rest. As shown in Section 6,
this level of integration already yields significant improvements in
energy efficiency.

4.2 Resource Allocation

The HARP RM allocates heterogeneous resources to concurrently
running applications, balancing the resource needs while optimiz-
ing system energy efficiency.

4.2.1  Non-Functional Characteristics. Instead of using execution
time and energy consumption, HARP relies on instant metrics:
utility and power consumption, annotated in the operating points.

The power consumption metric o[ p] represents the power attrib-
uted to the application. The utility metric o[v] measures the useful
work performed by the application, either via generic “Instructions
Per Second” (IPS), obtained from perf, or application-specific met-
rics like transactions per second, reflecting the meaningful work
more accurately. Utility data may come from description files or
from a running application. To address varying interpretations and
magnitudes of utility across applications, HARP normalizes the
utility value by dividing it by the maximum utility observed for
that application, denoted as o[v*].

4.2.2  Energy-Efficient Resource Allocation. HARP applies the state-
of-the-art resource allocation techniques discussed in §3.2.2, defin-
ing the energy-utility cost for each operating point to guide opti-
mization. The energy-utility cost 0[{] is adapted from the traditional
Energy-Delay Product (EDP) formula balancing energy efficiency
with application performance [40, 46]. Assuming utility is inversely
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proportional to delay, the energy-utility cost is calculated as:

)([1])

These costs are used in the optimization problem outlined in
Equation (1). HARP employs a state-of-the-art approximation algo-
rithm based on Lagrangian relaxation, which solves the problem un-
der relaxed constraints, selects the final operating points that meet
the resource constraints, and finally, finds a concrete allocation of
resources to applications, ensuring no overlap. Our implementation
is similar to the one by Wildermann et al. [73, 74].

o[p]

o[v*]

@)

ol¢] =(

Limitations. The resource allocation algorithm may not find a suit-
able operating point for some of the applications due to prior allo-
cations. This situation may occur if the number of managed appli-
cations exceeds the number of available resources. In such cases,
HARP temporarily relaxes the constraint in Equation (1b), allow-
ing applications to execute in co-allocation. Since co-allocation
adversely affects the performance, HARP does not use performance
monitoring, as discussed in Section 5.1.

4.3 HARP within the System Stack

We envision HARP not as a replacement, but as an extension of the
existing system stack. Instead of duplicating functionality, HARP
builds on existing kernel subsystems — like the Linux scheduler and
perf framework — to collect runtime data like hardware counters
and the system energy. Figure 4 shows how HARP, libharp, and
the existing OS environment interact. In this setup, HARP acts as a
central user-space resource manager, similar to system services like
systemd, OpenRC, or Apple’s launchd. Unlike existing user-level
schedulers [26, 30, 75, 77], however, HARP does not influence sched-
uling decisions directly. Instead, it focuses on efficiently assigning
resources to applications.

All configuration data — including the hardware information and
the application-specific operating points — is stored in a directory
such as /etc/harp. To reduce user burden, we propose a deploy-
ment model where the hardware description is provided by the
vendor or auto-generated during setup, while application profiles
are bundled with the applications. If no profile is available at launch,
HARP can dynamically generate initial operating points based on
observed behavior (see Section 5). These profiles are refined over
time, enabling self-improving resource management. Centralizing
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Figure 4: Overview about the interactions of HARP and other
existing operating system components.
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Figure 5: Evaluation of several regression models in terms of Mean Absolute Percentage Error (MAPE) for IPS and Power (lower
is better), Inverted Generational Distance (IGD) (lower is better), and the ratio of common operating points in the Pareto-front
(higher is better) across 15 different applications on the Intel Raptor Lake Core i9-13900K.

configurations in a user-accessible directory also allows adminis-
trators and power users to inspect and adjust profiles, tailoring
HARP’s decisions to specific systems or workloads.

The variant of HARP used in our evaluation requires applica-
tions to actively register with the RM in order to be fully managed.
Consequently, background tasks such as system daemons are not
handled by HARP and thus time-share the processor with the man-
aged applications under the regular Linux scheduler. However, in a
production system, we envision HARP also integrating the back-
ground tasks into its global resource allocation strategy.

5 Runtime Exploration of Operating Points

Applications running on desktops and servers usually lack pre-
defined application descriptions with operating points, and even
if points are available, they may be imprecise due to hardware
variations. To address this problem, HARP incorporates runtime
exploration of operating points, a synergy between Design Space
Exploration and Runtime Resource Management. This integration
poses several challenges.

First, during exploration, we need to make precise online mea-
surements to determine the utility and power consumption of the
running applications. If applications do not provide their own util-
ity metrics, Instructions Per Second (IPS) serves as a generic utility
measure. However, both utility and power metrics fluctuate due
to measurement noise and varying application stages, requiring
periodic re-evaluation for a higher robustness and reliability of the
resource allocation.

Second, exploring all possible operating points on a system at
runtime is impractical. Thus, the HARP resource allocation algo-
rithm not only relies on operating points with actually measured
characteristics, but also approximates them for not yet explored
operating points.

Third, the search for near-optimal configurations must be seam-
lessly integrated within the HARP RM. This integration ensures
that operating point exploration does not compete with other con-
currently running applications on processor cores. It also requires
that the RM allocates sufficient resources to new applications, allow-
ing them room for exploration without significantly undermining
the performance of existing applications. To achieve this, we have
enhanced the HARP RM to include the exploration of operating
points directly during application execution. This process involves
continuous performance monitoring and employing a regression
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model to adjust operating points, ensuring robust, Pareto-optimal
configurations.

5.1 Performance and Power Monitoring

Accurate runtime performance monitoring is essential for refining
Pareto fronts. If applications signal that they can provide their own
utility metric, HARP RM bases its algorithm on these values. Oth-
erwise, HARP RM relies on the Linux perf subsystem to track IPS.
With proper configuration, perf multiplexes these measurements
across applications automatically.

For power consumption, we rely on built-in power sensors such
as the RAPL (Running Average Power Limit) counters on Intel ma-
chines. Since these typically measure system-wide energy, we build
atop EnergAt [25], which monitors RAPL counters alongside thread
execution metrics to estimate per-application power use.

EnergAt does not consider different core types in heterogeneous
CPUs. To address this, we introduce power coefficients (P* = y - P,
determined offline) to attribute total energy consumption (EgP U)
to P-cores (EIAJ) and E-cores (Eg):

PP +TE, - PE

total

TP

CPU _ P E _
EA _EA+EA_ total ’

®)
where T:: ‘t}il represents the total CPU time on P-cores and E-cores,
respectively. After approximating EZ and Ei, we use the algorithm
detailed by EnergAt to further attribute energy to applications
running on homogeneous subsets of cores.

We validated this extension experimentally by comparing the
attributed dynamic energy in multi-application scenarios (Section 6)
with the same applications executed in isolation under identical
configurations. The overall Mean Absolute Percentage Error (MAPE)
was 8.76 %, confirming that the attribution is sufficiently accurate.

To smooth the inherent variability in measured utility and power,
we apply an exponential moving average (EMA) with a smoothing
factor of 0.1. This stabilizes short-term fluctuations while adapting
to significant shifts in application behavior, ensuring accurate and
responsive performance and power profiling.

5.2 Selection of the Regression Model

As regression models, we consider Polynomial Regression (degrees
1 to 3), Neural Networks (NN), and Support Vector Machines (SVM)
for approximating utility and power consumption for yet unmea-
sured operating points. The models work with coarse-grained re-
source allocations, represented by the extended resource vector
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(§4.1.2), which is used as input for predicting metrics. We used
pre-measured data from 15 applications on the Intel Raptor Lake
Core 19-13900K, training each model on subsets of different sizes
with 10 random seeds for robustness.

As shown in the left two plots of Figure 5, Polynomial Regression
improved in accuracy for both utility and power with larger train-
ing sets. Higher-degree models achieved greater accuracy at larger
training sizes, albeit requiring more data points to converge. Con-
versely, NN and SVM models performed better in power predictions
at larger training sizes but struggled with utility (IPS).

The right two plots show the comparison between the predicted
and reference Pareto fronts (derived from the measured configu-
rations) using Inverted Generational Distance (IGD) [13] and the
ratio of common operating points. Polynomial models consistently
outperformed SVM and NN in aligning with the reference Pareto
front. Among the polynomial regression models, degrees 2 and 3
achieved better alignment with the reference front compared to
the first-degree model. While both second- and third-degree mod-
els produced similar accuracy, the second-degree model was more
efficient, requiring only 20 training points to converge. Based on
these results, HARP currently uses a second-degree polynomial
regression model for runtime exploration.

5.3 Runtime Exploration Algorithm

The runtime exploration of operating points must integrate seam-
lessly with the resource allocation algorithm, ensuring that operat-
ing points selected during exploration do not overlap with cores
used by other applications. At the same time, sufficient resources
must be allocated for efficient exploration without adversely affect-
ing the performance of other applications.

We categorize the maturity of application operating points into
three stages: (1) Initial stage, where there are insufficient measured
operating points making approximations unreliable; (2) Refinement
stage, with an intermediate number of measured points but still
limited accuracy; and (3) Stable stage, where sufficient points have
been explored for reliable approximations.

The integrated algorithm consists of two stages: it first performs
multi-application resource allocation (Section 4.2), and then ex-
plores operating points within the bounds of the resources assigned
to each application. Applications in the stable stage simply execute
on the designated cores, while those in the initial and refinement
stages continue exploration. Any unassigned cores are distributed
evenly among such applications, allowing them to explore a broader
configuration space. The specific exploration heuristic applied de-
pends on the application’s maturity stage.

In the initial stage, since there are insufficient measured points
to create even a preliminary model, the goal is to distribute the
measurements evenly across the configuration space to quickly
develop a preliminary regression model. To achieve this, the heuris-
tic selects the next operating point furthest from any previously
measured configurations, based on the extended resource vector,
to maximize diversity.

In the refinement stage, a preliminary regression model based on
the earlier measurements becomes available, but it may still be im-
precise and prone to anomalies, such as negative utility and power
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predictions. The purpose of this stage is to refine the model’s accu-
racy by strategically selecting configurations for measurements.

The heuristic first prioritizes configurations with negative utility
or power predictions, selecting the one with the largest combined
error, defined as the geometric mean of their negative deviations
(with positive values counted as zero).

If no configurations have negative predictions, the heuristic com-
pares the primary regression model with an auxiliary one anchored
by a “zero” point (zero utility and zero power for a configuration
with no cores). The next operating point is then chosen based on the
configuration with the largest combined discrepancy between the
two models, measured as the geometric mean of their differences
in predicted utility and power.

Each selected operating point undergoes a predefined number of
measurements (in the evaluation, 20 measurements at 50 ms inter-
vals). When the measurements are complete, a different operating
point is selected for evaluation. This iterative process repeats until
the application explores 25 different configurations and switches
into the stable stage. Once in this stage, the resource allocation algo-
rithm is invoked with a longer interval (every 100 measurements)
to reassess the current allocation.

6 Evaluation

To demonstrate that HARP enhances the management of energy-
aware tasks on heterogeneous processors, we evaluated it on two
systems with distinct characteristics to highlight that our approach
is generic and works across various types of heterogeneous CPUs.
All experiments are fully reproducible using the accompanying
artifact [67].

6.1 Evaluation Setup

As representative from the embedded computing domain, we eval-
uate on the Odroid XU3-E board [22], featuring a Samsung Exynos
5422 processor, which implements an Arm big LITTLE architecture
with two core islands: a four-core A15 (big) island and a four-core
A7 (LITTLE) island. The system is equipped with 2 GB of memory
and energy sensors for core islands, memory, and GPU. We run a
custom-compiled Linux 6.6 kernel on the board, with full support
for the Linux Energy-Aware-Scheduler (EAS) [15, 47].

From the desktop domain, we use an Intel Raptor Lake Core
19-13900K, one of Intel’s latest heterogeneous processors. It con-
sists of 8 high-performance P-cores (with SMT), and 16 energy-
efficient E-cores (without SMT) and is equipped with 128 GB of
memory. Energy measurements are captured using RAPL counters,
which have been proven accurate in fine-grained energy measure-
ments [14, 21, 27, 61, 66]. We run a custom-compiled Linux 6.4
kernel, based on the default Debian Testing kernel version, ex-
tended with a patch-set adding preliminary support for the Intel
Thread Director (ITD) [44]. We further extended the patch-set to
make the ITD classification of threads and the reference IPC per
class determined by the hardware available to user-space. Inspired
by Saez et al. [56] we implemented a version of HARP that uses ITD
classifications to allocate processor cores to application threads.

For both platforms, we use the default frequency scaling gover-
nor (powersave on the Intel system and schedutil on the Odroid
system, respectively) but limit the maximum frequency to prevent
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Figure 6: Relative improvement factor of HARP and Intel Thread Director (ITD) over CFS on the Intel Raptor Lake Core
i9-13900K (higher y-value is better). Results also include HARP with offline-generated operating points and HARP without
application adaptation. Gray boxes indicate the average makespan for each scenario when executed with CFS.

thermal throttling. This ensures that all cores can operate at their
maximum allowed frequency throughout the benchmark execution:
4.6 GHz for the P-cores and 3.8 GHz for the E-cores on the Intel,
and 1.2 GHz for LITTLE and 1.8 GHz for big cores on the Odroid.

6.2 Benchmarks

We use different sets of applications to evaluate the features of
HARP. To test dynamic adaptability, we use the OpenMP imple-
mentations of the NAS Parallel Benchmarks [5], version 3.4.2 on
both of the evaluated platforms. Since the Intel platform is more
powerful than the Odroid board, we use the bigger class C of the
benchmarks on Intel and the smaller class A on the Odroid.

On Intel, we also evaluate a selection of Intel Thread Building
Blocks (Intel TBB) [48] benchmarks and two TensorFlow [17] ap-
plications. From the official Intel TBB repository we chose the
benchmarks binpack, fractal, parallel-preorder, pi, primes,
and seismic, as they cover a wide spectrum of the building blocks
of the framework. TensorFlow is an open-source framework for
machine-learning algorithms that is widely used. We implemented a
HARP-enabled version of TensorFlow Lite [1] that can dynamically
scale its parallelism at runtime. We evaluate two image recognition
models, VGG [63] and AlexNet [35].

Additionally, we use two embedded KPN applications to test
the custom extensions of HARP: mandelbrot for calculating the
Mandelbrot set [32], and 1ms implementing Leighton-Micali Signa-
tures [42]. Both applications are used in two versions: one with a
static application topology (annotated with static) and another
with implicit data-parallelism in KPNs [32], used to demonstrate
dynamic adaptation. Since KPN applications are targeted to em-
bedded platforms, we chose to evaluate them only on the Odroid
system.
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6.3 Intel Raptor Lake

We evaluate the performance and energy consumption of the bench-
marks on the Intel Raptor Lake system, considering both single
and multi-application scenarios. Each scenario is executed with
HARP and compared against two baselines, namely, (1) CFS, which
uses the built-in work-distribution techniques of Linux, and (2) ITD
which uses our extended ITD-based allocator described earlier.

HARP dynamically generates operating points through online
monitoring, while the ITD-based allocation relies on the hardware
classification data. When comparing with the baseline, we show the
performance of HARP with stable operating points, while its behav-
ior during the learning process is discussed separately in Section 6.5.
To demonstrate the potential of running offline design space ex-
ploration, we evaluate HARP with pre-generated operating points
(HARP (Offline) in the figures). Finally, to show the importance of
runtime adaptation in heterogeneous systems, we include results
of HARP without application adaptation (HARP (No Scaling)).

For each scenario, we measure overall execution time (makespan)
and total energy consumption, reporting average results from ten
repetitions. Error bars are shown for relative errors exceeding 5 %.
Figure 6 shows the results for all benchmarks, with geometric means
provided for both single and multi-application scenarios. The results
are reported as improvement factors over the baseline (CFS); an
improvement factor of Fx indicates that the resource manager
executed FX faster or with that much less energy. Naturally, the
higher F, the better.

6.3.1 Single Application. In single-application scenarios, the ITD-
based allocator shows results close to the baseline, with average
improvement factors of 1.02x for execution time and 1.04Xx for
energy consumption, both within the margin of error.

By contrast, HARP shows a stronger trade-off: it typically re-
duces energy consumption at the cost of slightly longer execution
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Figure 7: Relative improvement factor of HARP over EAS on the Odroid XU3-E (higher y-value is better). Gray boxes show the
average makespan of each scenario when executed with EAS.

times. Given its cost function, which balances performance and
energy, HARP often prioritizes one over the other depending on
the application (e.g., is, pi, seismic). For primes, however, perfor-
mance improved only slightly, while energy consumption degraded
more significantly, even with HARP (Offline). As a short-running
application, primes is affected by initial communication overhead,
during which HARP interferes with the execution of primes.

A notable outlier is binpack, which achieves a 6.91x speedup
and a 1.29% energy reduction. In the baseline execution, 32 threads
contend on the same input queue throughout the whole execution,
while HARP scales the application down to avoid this bottleneck
and achieve much higher efficiency. In contrast, 1u performs worse
in both metrics. HARP selects a configuration with 21.5 % higher
IPS than the one used by CFS, but execution time on this selected
configuration is around 15 % longer. This illustrates that IPS, while
reasonable, may not reflect true utility; with an application-specific
utility metric, HARP would likely select a better configuration.

The bt benchmark shows that online exploration may miss the
optimal point, whereas offline exploration selects a better one. The
additional information from offline DSE provides HARP more com-
plete behavior characteristics and leads to more optimal choices.
This is particularly visible in the geometric means: HARP improves
energy by 1.34X but reduces performance to 0.92%, while with
offline-generated operating points it achieves both faster execution
(1.22x) and lower energy consumption (1.44X).

Finally, HARP without application adaptation performs very
poorly (geometric means of 0.60x for execution time and 0.74X
for energy consumption), indicating the critical role of dynamic
application adaptation for effective resource management.

6.3.2  Multiple Applications. The ITD-based resource allocation
did not yield improvements in multi-application scenarios. Most
scenarios achieved similar or worse performance than the baseline
(except for is+ 1u), resulting in overall improvement factors of
0.84X for execution time and 0.88x for energy consumption.

By contrast, HARP delivers significant gains, with average im-
provement factors of 1.40x for execution time and 1.52x for energy
consumption. As in the single-application scenarios, HARP with
offline-generated operating points performs even better, reaching
1.58% speedup and 1.73X energy reduction.

Compared to single-application results, the improvements here
are stronger, mainly because HARP scales applications down to
match the available resources. Without such adaptation, HARP
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performs even worse than in the single-application case (0.52x for
execution time and 0.74X for energy consumption).

6.3.3 Influences of Frequency Scaling. To assess the impact of DVFS
on the HARP scheduling approach, we repeated all measurements
using the performance governor instead of the default one. The
performance governor configures the Linux frequency scaling dri-
ver to select higher frequencies more aggressively and disables
various energy-efficiency features of the processor.

In contrast to our expectations, the change of the governor
had only a minor effect. With the performance governor enabled,
HARP achieves 1.44X lower energy consumption and 1.20X speedup
across all measured scenarios. The corresponding values under the
default governor were 1.42X and 1.14X, respectively.

Similar results were observed for the version of HARP that uses
offline-generated operating points. Here, the measured improve-
ment factors are 1.61X for energy consumption and 1.36X for exe-
cution time under the performance governor, compared to 1.58x
and 1.34x with the default powersave governor.

These results suggest that the frequency governor of Linux has
only a minor impact on HARP’s overall performance and energy
efficiency. Nevertheless, we believe that fully integrating the fre-
quency selection in the resource allocation process could yield more
improvements. We plan to explore this direction in future work
(see Section 7).

6.4 Odroid XU3-E

In contrast to the Intel Raptor Lake, Odroid does not allow tracking
performance counters simultaneously on the big and the LITTLE
cluster. With no means for online monitoring, we only evaluate
HARP (Offline), i.e., based on offline pre-generated operating point
tables. The baseline for this experiment is the Linux Energy-Aware
Scheduler (EAS), leveraging a power model of the heterogeneous
processor. Figure 7 shows the results of this experiment.

6.4.1 Single Application. For single-application scenarios on the
Odroid XU3-E, HARP achieves a 1.07X speedup and a 1.27X reduc-
tion in energy consumption. The results for OpenMP benchmarks
generally reflect those on Intel Raptor Lake, with HARP typically
improving energy consumption at the cost of longer execution
times (e.g., ua). The is benchmark shows an increase in both execu-
tion time and energy consumption, mainly due to its short runtime
making the startup overhead of HARP more noticeable. In contrast,
1lu, a long-running benchmark, benefits from HARP.



HARP: Energy-Aware and Adaptive Management of Heterogeneous Processors

Middleware 25, December 15-19, 2025, Nashville, TN, USA

[ Learning Stages Training

Stable

Metrics - Makespan  -* Energy J

[ alexnet [ binpack [

btC [ g C [

fractal

—
]
it
Q
<
~
-
=]
3]
=
o
>
2
a, [ ep.C + ft.C [ is.C + lu.C [ mgC +sp.C [ pi + primes [ vgg + sp.C
E 5 0000000000940000¢00,,
— MW
2 000000000000000000000

bt.C + cg.C + ep.C [

ft.C+ luC + sp.C [

mg.C +sp.C + ua.C [ pi + primes + seismic

,,,,,,,,,,,,,,,,, e v s TSNS PO o 0o I

bt.C + cgC + ep.C + ft.C [

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100

cg.C + pi + primes + mg.C [

is.C + u.C + mgC + sp.C [ bt.C + ep.C + is.C + mg.C + ua.C

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100

Learning Time (s)
Figure 8: Relative improvement factor of HARP over CFS during the learning phase on the Intel Raptor Lake Core i9-13900K

(higher y-value is better).

KPN applications, again, show improvements with HARP. HARP
can successfully use the application knobs to tune the applica-
tion to the available hardware resources, resulting in lower en-
ergy consumption for 1Ims and improvements in both metrics for
mandelbrot. mandelbrot in its static version behaves similarly to
the baseline. The static version of 1ms behaves similar to ua and
shows a lower energy consumption at the cost of a longer execution.

6.4.2 Multiple Applications. With multiple applications, HARP
can improve resource usage, yielding average gains of 1.20X in
makespan and 1.38X in energy consumption. Most scenarios benefit
from HARP, with only ep + 't suffering in both metrics compared
to the baseline. This is caused by thread movements between the
big and LITTLE clusters during the application executions due to
resource reassignments done by HARP.

6.5 Learning Operating Points

The previous results focused on HARP’s performance after reaching
the stable stage, where optimal operating points have already been
learned. However, from a user’s perspective, it is equally important
to ensure that HARP performs acceptably even when no prior
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knowledge about application behavior is available. To evaluate this,
we analyze HARP during the learning stage on Intel Raptor Lake.

Each test scenario starts with a warm-up phase, during which
HARP monitors the running applications and learns their behav-
ioral characteristics. To better understand this learning process, we
snapshot the operating point tables at 5 s intervals.

Figure 8 illustrates the impact of these learning stages across
all tested scenarios. Each dot in the figure shows the improvement
factor for makespan and energy consumption for a corresponding
snapshot. The background shading visualizes the learning status:
the stable stage indicates that all applications have reached the
stable stage (cf. Section 5.3), while the learning stage indicates that
at least one application is still in the initial or refinement stages.
As stated in Section 5.3, HARP continues refining operating points
even after reaching the stable stage.

6.5.1 Single-Application Scenarios. In single-application scenarios,
most applications exhibit fluctuating performance and energy ef-
ficiency during the training stages. Once stable operating points
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are reached, results becomes more consistent, though minor fluctu-
ations may still occur. On average, the stable stages are achieved
within 29.8 £5.9s.

An exception is the ep application, which shows poor and unsta-
ble results even during the stable stage. This behavior is likely due
to the very short execution time (2.43 s), which can lead to limited
and potentially unreliable measurements for certain configurations.
As the application is executed repeatedly, the exploration heuristic
may still rely on these unreliable measurements when selecting sub-
sequent operating points, introducing non-deterministic behavior
into the learning process. This finding indicates the need to improve
the exploration algorithm to ensure more robust and consistent
learning outcomes.

6.5.2  Multi-Application Scenarios. In multi-application scenarios,
a similar trend is observed: fluctuating metrics during the train-
ing stage, followed by stabilization once operating points become
stable. Stable points are achieved on average within 36.6 + 8.0s,
slightly longer than in single-application scenarios, reflecting lim-
ited resources available to each application, resulting in delays in
the refinement stage.

Interestingly, as the number of applications increases, the dif-
ference between the results of learning and stable stages becomes
smaller. In scenarios with four or five applications, the results ob-
served during training closely match those observed in the stable
stage. This is likely due to limited search spaces per application
under resource constraints. During learning, HARP selects the con-
figurations that use fewer resources, which are also preferred in
the stable phase. As a result, outcomes of the training and stable
stages become closely aligned.

6.6 Performance Overhead of HARP

As discussed in Section 2, resource management in a modern OS
must be swift and lightweight to avoid negatively impacting the
system performance. To assess the performance overhead of HARP
with all its functionality enabled, we conducted additional measure-
ments on the Raptor Lake system. We re-executed all application
scenarios with HARP, including runtime exploration, configura-
tion communication, and, if supported by applications, utility up-
dates. However, the actual configuration assignment messages were
ignored in libharp, leaving applications unadapted and thus be
scheduled like the baseline CFS scheduler. This allowed us to isolate
and measure the overhead of perf monitoring, energy estimation,
the resource selection algorithm of the HARP RM, and all the com-
munication between the RM and applications, separate from the
performance gains from improved resource utilization. Overall,
HARP introduced less than 1 % overhead when managing a single
application, and 2.5 % in multi-application scenarios. Section 6.3,
shows that this overhead is countered by HARP’s superior resource
allocation.

7 Conclusion

This paper introduces HARP, a resource management system de-
signed for energy-aware applications on heterogeneous processors.
HARP’s key innovations include a simple interface between the
application and a global resource manager for passing allocation de-
cisions and an allocation algorithm that balances performance and
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energy consumption based on learned or pre-computed application
characteristics. HARP supports a broad spectrum of application
models, from static to scalable types, and even custom-specific
ones with adaptivity features like reconfiguration options and al-
gorithmic variations. Crucially, HARP does not require detailed
knowledge of each application’s adaptivity aspects. Instead, it man-
ages only the essential information needed for efficient resource
allocation (resource requirements and non-functional characteris-
tics), with the rest handled on the application side.

Our evaluation on two heterogeneous systems shows that HARP
can significantly improve application execution, both when given
exclusive access to resources and when competing with concur-
rent applications. We reported improvements in terms of execution
time and energy consumption of 12 % and 30 % for the Intel Rap-
tor Lake Core 19-13900K and 12 % and 25 % for the Odroid XU3-E.
For embedded KPN applications with custom adaptivity knobs, we
demonstrated HARP’s extensibility in providing fine-grained re-
source adaptations. Finally, we showed that HARP’s overhead on
running applications is small and usually countered by the gains it
brings to the applications.

In summary, this work highlights the value of a simple yet effec-
tive interface to communicate allocation decisions between appli-
cations and the OS. Combining such an interface with application
behavior characteristics in the form of resource requirements and
non-functional characteristics, HARP considerably improves the
system’s overall energy-efficiency.

Outlook. HARP provides a rich framework, which allows future
extensions. First, adding dynamic frequency-scaling control of the
CPU would allow for even finer energy management. However
this requires advanced behavior prediction techniques to handle
the increased configuration complexity. Second, many applications
exhibit distinct performance-energy characteristics across differ-
ent execution stages. While the communication interface can be
extended to allow applications to notify HARP of these stage tran-
sitions, a generic solution would require automatically detecting
these stages without explicit application input. Finally, integrating
techniques like Memguard [79], PALLOC [78], or GPUguard [19]
would help to manage shared resource contention, thus further
enhancing system performance.
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